Abstract-Accurate alignment of protein-protein binding sites can aid in protein docking studies and constructing templates for predicting structure of protein complexes, along with in-depth understanding of evolutionary and functional relationships. However, over the past three decades, structural alignment algorithms have focused predominantly on global alignments with little effort on the alignment of local interfaces. In this paper, we introduce the PBSalign (Protein-protein Binding Site alignment) method, which integrates techniques in graph theory, 3D localized shape analysis, geometric scoring, and utilization of physicochemical and geometrical properties. Computational results demonstrate that PBSalign is capable of identifying similar homologous and analogous binding sites accurately and performing alignments with better geometric match measures than existing protein-protein interface comparison tools. The proportion of better alignment quality generated by PBSalign is 46, 56, and 70 percent more than iAlign as judged by the average match index (MI), similarity index (SI), and structural alignment score (SAS), respectively. PBSalign provides the life science community an efficient and accurate solution to binding-site alignment while striking the balance between topological details and computational complexity.
INTRODUCTION
P ROTEIN-PROTEIN binding sites consist of residues on the protein surface through which proteins can interact to form a complex and perform a specific function. Two geometrically and physicochemically complementary binding sites from different protein subunits (chains or domains) can form a protein-protein interaction (PPI) [1] . The main goal of binding site alignment, similar to sequence-and structure-based protein alignment, is to determine similarities between a pair of binding sites so that further functional and evolutionary relationships can be identified. Additionally, the binding site alignment can be employed to improve performance of protein-protein docking [2] and construct templates for protein complex structure prediction [3] .
With the development of high-throughput experimental techniques, the size of data repositories of protein-protein interactions has dramatically increased [4] . With this trend arises the need to analyze, compare, and classify protein binding sites using three-dimensional (3D) structural information [5] , [6] , [7] , [8] . Methods have been developed to compare and classify proteins using their overall sequence and structural similarities. However, it is known that the overall sequence and structure similarities of proteins do not necessarily imply similarities in protein binding sites and associated functions. Hence, there is great need for new methods that can compare such function-related local structural similarities of protein binding sites [9] .
Comparing protein-binding sites at the three-dimensional level is challenging because the residues of a binding site are not always sequential in nature, resulting in a large search space for possible alignments. To date, only a handful of methods are available for binding site alignments, which is in sharp contrast to the overall structure alignment methods developed in last three decades [10] , [11] . A typical binding site alignment method consists of two steps: (i) mapping potential correspondences of residue amongst two binding sites and (ii) searching for an optimal alignment of known residue correspondences. In these approaches, protein binding sites are normally represented using the three-dimensional coordinates of the C a atoms from the protein backbone [11] or coordinates of functional sites on the local surface [12] . In the first step, residue or surface point correspondences can be established using the structure information [11] or surface features [12] , [13] . After that, one of the binding sites is rotated, translated, and superimposed onto the other binding site to obtain possible alignments between them. In the second step, various heuristic algorithms have been employed to search all possible alignment combinations of residues between two binding sites and select the final alignment with the minimization of the root mean square deviation (RMSD). Most heuristic algorithms of binding site alignments are influenced by the global structural alignments [14] , [15] , [16] or computer vision methods [12] , [17] , [18] .
In this paper, we present a new protein binding site alignment algorithm, namely PBSalign, for comparing a pair of sites based on the surface and structure properties of local regions. In PBSalign, geometrical and physicochemical properties from two binding sites are compared with each other, enabling exploration of different combinations of residue correspondences and grouping of the sets of correspondences into initial alignments. PBSalign employs various techniques to eliminate incompatible residue correspondences and reduce computational complexity. Alignment quality can be significantly improved by refining the initial seed alignments. We conduct computational experiments to compare the alignment quality of PBSalign and the existing method iAlign [11] . The experimental results illustrate PBSalign's superior performance over the existing methods.
METHODS
The framework of PBSalign is shown in Fig. 1 to represent these two sites in the following sections. During the alignment, BS A will be fixed, and BS B will be rotated and translated towards BS A as a rigid body. The outputs include residue correspondences and similarity score of alignment. Similar as the global structure alignment, PBSalign aims to determine an alignment between residues of two given binding sites such that functional and evolutionary relationships between them can be identified.
PBSalign mainly consists of three steps (see Fig. 1 ): preprocessing, initial alignment, and MaxSurf. In the preprocessing step, a binding site surface is generated and various surface properties are calculated. In the initial alignment step, similarity of properties is used to find potential correspondences between two binding site surfaces and a list of seed alignments is generated by the correspondences.
Finally, the seed alignments are refined using MaxSurf, an algorithm developed to find maximal overlapping surface of two binding sites while minimizing RMSD of alignment.
Preprocessing
The workflow of preprocessing is illustrated in Fig. 2 , which includes surface generation, properties calculation, and feature point and region selection.
Surface generation. For a given protein complex, we use the MSMS program [19] to generate a triangulated mesh for each of its interacting subunits and set the density and probe radius to 1.0 point/A 2 and 1.4 A , respectively. Since we are only interested in the binding regions, for each protein mesh, we retain only those surface points that are within a distance cutoff from the surface of its binding partner. A triangle is selected when its three vertices are all retained in the interaction region. We represent the binding site surface as a connected and non-directed graph G ¼ ðV; EÞ where each node v 2 V represents a surface point and E includes all and only the edges (v i , v j ) such that point v i and v j are adjacent on the surface.
Properties calculation. Each node v 2 V is associated with a local value of three properties: shape index, si(v), electrostatic potential, esp(v), and hydrophobicity, hyd(v). The shape index of v, si(v), is defined using the maximum (k 1 ) and minimum (k 2 ) local curvature, which is given as follows [20] :
It takes a value in the interval [0, 1] which is further divided into nine categories each corresponding to a well-known Fig. 1 . The input of PBSalign is a pair of protein binding sites. In the preprocessing step, various surface properties are calculated for the binding sites. In the initial alignment step, similarity of properties is used to find potential correspondences between two binding site surfaces and a list of seed alignments is generated by the correspondences, which are refined using MaxSurf. Finally, the outputs include residue correspondences and similarity score of alignment. shape, such as dome and saddle [20] . The initial values of potential in v, esp(v), and hyd(v) are calculated using the VASCo software package [21] . These values are standardized and discretized into six categories by PBSalign.
Feature point and region selection: To find potential correspondences between two binding sites, we should specify some feature points on the surfaces. In PBSalign, a feature point corresponds to a binding site residue and is defined as the surface point which has the smallest Euclidean distance to the C a atom of the corresponding residue. In the following sections, we will use the feature point and binding site residue interchangeably. For a feature point v i , we grow a feature region R i which is centered at the feature point and covers surface points with Euclidean distance < 4A (see Fig. 2 ). The feature region can be represented using the following set:
where cðR i Þ represents the coordinates of feature point, nðR i Þ is the normal vector of feature point, and a region signature set sðR i Þ contains three signatures of the region R i for the shape index, electrostatic potential, and hydrophobicity properties, respectively. Each signature is represented by a histogram and a region signature set has a collection of all histograms. The number of histogram bins is set to the discretization categories for the characteristics of the three signatures, which are empirically set to nine, six, and six for si, esp, and hyd, respectively. The above process is repeated for each binding site residue.
Initial Alignment
We use the feature regions to match the binding sites BS A and BS B by seeking a set of common feature regions on two binding sites and an alignment transformation that brings BS B close to BS A . For each feature region on BS A , we first find all corresponding feature regions on BS B and then extract subsets of consistent region correspondences. The initial correspondence set is then filtered by several pruning algorithms, to be discussed shortly, and the final set of matching regions is found using a maximal clique detection algorithm [22] . In this step, we keep all the consistent sets of matching feature regions, which are then used as seed alignments for further refinement by the next step, MaxSurf. An overview of initial alignment is illustrated in Fig. 3 .
Product graph. Given the two binding sites, BS A and BS B , and their graph representations, G A ¼ ðV A ; E A Þ and G B ¼ ðV B ; E B Þ, the product graph of G A and G B , G P ¼ ðV P ; E P Þ, is constructed by inserting every pair of feature points, v i 2 V A and v j 2 V B , from two binding sites into its vertices set V P . Edges are drawn between every two vertices if they do not share a common feature point.
Properties pruning. For each node of V P , correspondence between two feature points is established through their compatibility of associated regions. Two feature regions are compatible if a certain similarity is observed in their region properties. Let p ¼ ðA; BÞ be a potential region correspondence (i.e., a node in the product graph G P ) between the binding sites BS A and BS B . We assess the compatibility of p by comparing the region signatures of A and B using the following similarity score of two feature regions:
where sðR A Þ and sðR B Þ are the signatures for regions A and B, respectively. <sðR A Þ; sðR B Þ> is the inner product of sðR A Þ and sðR B Þ, and jjsðR A Þjj and jjsðR B Þjj are the secondnorms of sðR A Þ and sðR B Þ, respectively. A region correspondence p is considered further only if S R ðpÞ > " R ð¼ 0:6Þ holds true; otherwise we discard it from the product group G P . In PBSalign, similarity scores of shape index, electrostatic potential, and hydrophobicity properties are applied squentially to filter out non-compatible feature points or regions correspondences. Geometric consistency. Because the initial set of correspondences after the properties pruning might be quite large, we further examine the geometric consistency and relational constraints of two connected nodes in G P to remove outliers. These processes make the next step of maximal clique detection run faster, but do not affect the correctness of the PBSalign algorithm. We call a pair of region correspondences, e.g., p 1 ¼ ðA 1 ; B 1 Þ and p 2 ¼ ðA 2 ; B 2 Þ, geometrically consistent (see Fig. 4 ) if the Euclidean distance between the feature points' position
based on empirical observations), and the angles between corresponding pairs of vectors ff(n(A 1 ), n(A 2 )) and ff(n(B 1 ), n(B 2 )) do not differ more than a certain Fig. 3 . Initial alignment step: A product graph is generated between feature points of two binding sites. After applying the properties pruning, vertices (A 1 , B 2 ), whose region properties are incompatible, are removed from the graph. Geometric consistence is used to filter out invalid correspondences and maximum clique is detected. Three cliques are demonstrated: one by a solid line, one by a dotted line, and another by a dashed line. Residue correspondences, or seed alignments, are generated from these cliques.
threshold " a (¼ 30 degree based on empirical observations). In the product graph G P , edges between p 1 and p 2 are removed if the geometric consistence does not hold.
Maximal clique detection. Having applied all the filters, the size of the potential correspondences is reduced so that it is possible to search for cliques in it. We use the algorithm of Bron and Kerbosch [22] to find all cliques with a minimum clique size of three. For each clique we generate a rigid body transformation based on all region correspondences, and we then calculate RMSD and the number of aligned surface feature points (N p ) of this transformation. All the cliques are sorted according to the ratio of RMDS/N p in ascending order and up to N seed ð¼ 20Þ cliques are selected as initial alignments for further refinements. The intuition is that we select the cliques which have smaller RMSD and a larger number of aligned points. The binding site BS B is then transformed and rotated towards BS A using the results of the initial alignments.
MaxSurf
In this step, each seed alignment from the previous step is further refined by searching maximal surface overlapping through an iterative method, iterative closest point (ICP) [23] . A refinement process generates the final alignment.
Iterative closest point. The outputs of the initial alignments may not be the optimal transformation, but provide a coarse initialization for ICP to refine the rigid transformation. After applying ICP to the binding sites, the output is used to transform the binding site BS B towards BS A . As the ICP algorithm can only provide a local minimum of alignment error, the binding site pairs are sent to the next step for further refinement.
Refinement. In this step, we refine the matched binding site surfaces on the basis of the results recognized in the previous stage. For each seed alignment, we utilize the resulting product graph from the previous step. Second, we calculate the Euclidean distance between each residue on the binding site BS A and its nearest neighbor from the binding site BS B , then sort the distances in descending order and select 70th percentile of the observed distance as a cutoff to prune feature point correspondences (vertices from the graph). Secondary structure of a residue is optionally applied in this step, which is calculated using C a coordinate of five neighbor residues [24] . Finally, we utilize maximum clique detection [25] to obtain a set of residue correspondences whose C a atom distance is less than 4A . The output of maximum clique detection consists of a string of aligned residue pairs, which are sequentially ordered from their N to their C terminal. We further extend the alignments to include as many unaligned binding site residues as possible using a greedy approach. The fixed binding site, BS A , is selected as the starting point. We define a fragment as a set of at least two adjacent residues in the binding site BS A . For fragment F, let F h denote the first residue and F t denote the last residue of the fragment. The extension procedure for the fragment F is described as follows. First, we begin searching unaligned residues from F h towards the N terminal. An unaligned residue is selected (if any), and the distance between its nearest unaligned residue from the BS B is calculated. If the distance is < 4A
, the residue pairs are marked as aligned, and the next unaligned residue towards the N terminal is selected until an aligned residue or the beginning of binding sites is approached. Second, a similar searching process is started from F t towards the C terminal. Finally, we use the q-Score [26] to rank each valid seed alignment and select the top one as the final output. The valid alignment of PBSalign means the residue correspondence is unique and sequential.
Time Complexity
For a clearer description, we define the number of feature points on the binding site as m. In the preprocessing step, the properties are calculated for m feature points, with a complexity of O(m). In the second step, we define the number of correspondences of each feature point as n for each feature point. Hence, we need to perform an n comparison of signatures for pruning, and the complexity is O(mn). We define g as the number of vertices of the product graph, and the time complexity for detecting maximal cliques is O(3 g=3 ) [27] . In the third step, ICP is implemented using a k-d tree [28] , and its time complexity is O(b A logb B ) where b A and b B are the numbers of vertices on the binding site surface BS A and BS B , respectively. The total time complexity of PBSalign is OðmnÞ þ Oð3 g=3 Þ þ Oðb A logb B Þ.
RESULTS
In this section, we compare the performance of PBSalign with current methods that provide publicly accessible software packages, including I2I-SiteEngine [12] , Protein-protein interactions: methods for detection and analysis, iAlign [11] , and Galinter [13] . Since the performance comparisons of Galinter/I2I-SiteEngine and I2I-SiteEngine/iAlign have been conducted in [11] , [13] with iAlign reported as the best performing method, we selected iAlign to benchmarking the performance of PBSalign. The datasets consisted of homologous and non-homologous binding sites, as well as different types of protein complexes.
1) The first dataset, denoted as D 1 , is composed of homologous PPIs, and was originally constructed to evaluate performance of iAlign [11] . 2) The second dataset, denoted as D 2 , is taken from Table 1 in [29] , and was created to study structurally similar binding sites coming from different protein folds (i.e., non-homologous). In the following sections, we used <PDB-ID><Chain ID of the binding site><Chain ID of the binding site partner> to represent a binding site. Similar to the structural alignments, the performance comparison of binding sites alignments could be based on alignment quality or alignment accuracy. The alignment quality was evaluated using the geometric match measures, such as the RMSD of the superimposed structures. Alignment accuracy, a discrimination problem, is traditionally measured according to the accuracy with which an alignment method classifies a pair of protein structures into a similar/dissimilar category [30] , [31] defined using the similarity of folds (e.g., SCOP [32] ) or PPI (e.g., SCOPPI [33] and SCOWLP [34] ). However, recent studies [29] , [35] show that some proteins or binding sites from different folds may have very similar structures. Hence, we focus on the comparasion of different alignment methods based on the alignment quality.
When evaluated using the geometric match, the goal of structural alignment is to minimize the RMSD of the aligned region. However, as the RMSD depends on the number of aligned residues, the RMSD values associated with alignments of different lengths cannot be compared. To overcome this issue, we used the geometric match measures, which simultaneously consider various factors, such as similarity index (SI), match index (MI), and structural alignment score (SAS). These measures, which have also been used in a comprehensive evaluation of protein structure alignment method [36] , are defined as follows:
where N e is the number of aligned residues, v 0 is a normalizing factor and set to 1.5 [36] , and L A and L B are the lengths of binding site BS A and BS B . The units of SI and SAS are A . MI takes values between 0 and 1. For these measures, lower values correspond to better alignments.
Experiments with Dataset D1
The dataset D 1 consists of biologically related PPIs. Here, a PPI pair is said to be biologically related if it is from same SCOP superfamily and shares a certain level of similarity.
Hence, PPI pairs from this dataset are homologous and are expected, in general, to share similar function. For details about selecting PPI pairs, see [11] .
For a given PPI pair, I A ¼ fBS Fig. 5 . We also tested the statistical significance of the observed difference in the mean values of SI, SAS, and MI. The difference in the mean values of SI, SAS, and MI was found to be statistically significant (p-value < < 0.001) using both a paired t-test and Wilcoxon test.
We further analyzed the relative improvement in various geometric match measures obtained by PBSalign or iAlign. The measure difference is defined as (measure(PBSalign)-measure(iAlign)). For example, the measure difference of SI is given as dSI ¼ ðSIðPBSalignÞ À SIðiAlignÞÞ. Similarly, we defined the difference for SAS (dSAS) and MI (dMI). The detailed distribution of dSI, dSAS, and dMI values are shown in Fig. 6 .
For these measure differences, it is difficult to identify the exact value which shows a significant change in the alignment quality. Based on the experimental results, we have empirically considered a j dSI j >0.5 as a significant improvement imposed by iAlign (i.e., dSI > 0.5) or PBSalign (i.e., dSI < 0.5) and a dSI between À0.5 and 0.5 as not so significant. Similarly, we define jdSASj > 1:5 and jdMIj > 0:05 as significant improvement for SAS and MI, respectively. Table 2 shows summary of alignment improvement based on SI, SAS, and MI values. PBSalign results in alignments with better SI ($30%), SAS ($26%), and MI ($14%) in comparison to iAlign.
Experiments with Dataset D2
The dataset During the experiments, we performed pair-wise alignments among members from the same group. Hence, totally k Â ðk À 1Þ=2 times of alignments are needed for each group where k is the size of group.
Different from the dataset D 1 , the dataset D 2 has designated similar binding site pairs. For some cases, iAlign cannot find the same matching binding site pairs as that of the datasets because of different definitions of similarity score and strategies to select paired binding sites. Hence, we simply excluded those pairs from the dataset D 2 according to the alignment results of iAlign. Finally, we obtained 54 binding site pairs, which are structurally similar but nonhomologous.
We first calculated average and standard values of SI, SAS, and MI for the alignments generated by iAlign and PBSalign, which are shown in Table 3 . From this table, we can see that PBSalign achieved better geometric match measures compared with iAlign. The detailed distributions of the SI, SAS and MI values are shown in Fig. 7 .
Next, we tested the statistical significance of the observed difference in the mean values of SI, SAS, and MI, using a paired t-test and Wilcoxon test. The difference in the mean SI, SAS, and MI was found to be statistically significant (p-value << 0.001).
We further analyzed the relative improvement in various geometric match measures by PBSalign. Similar to the dataset D 1 , we defined j dSI j > 0.5, j dSAS j > 1.5, and j dMI j > 0.05 as a significant improvement for SI, SAS, and MI, respectively. Table 4 shows the summary of measure differences. From this table, we can see that PBSalign results in alignments with better SI (by $56 percent), SAS (by $76 percent), and MI (by $46 percent) in comparison to iAlign. The detailed distribution of dSI, dSAS, and dMI values are shown in Fig. 8 .
CASE STUDY
One important finding based on the dataset D 2 is that one or more binding site residues and their positions are conserved across proteins that have similar binding-site motifs, irrespective of global similarity or the similarity of binding partners. An implication of this is that local conserved residues between proteins with similar binding sites can be closely superimposed onto each other [29] . Based on this finding, it is informative to provide case studies that can visually demonstrate the capability of PBSalign as reported in Table 4 by comparing the degree to which PBSalign and iAlign can align proteins with similar binding sites in a previous study. Fig. 5 of [29] desmonstrates three protein complexes, 1f95_BA, 1otf_EA, and 1d5w_CB, which contain similar binding sites and are shown to have a close superimposition on their evolutionarily conserved local residues. Each of these protein complexes is characteristic of D 2 in that each shares similar binding-site motifs, contains a single-chain interface, and elicits multi-functions with different binding partners. PDB access no. 1f95 refers to Dynein Light Chain 8 (DLC8) and BIM Peptide Complex which translate molecular cargoes along microtubules [37] ; 1otf refers to 4-Oxalocrotonate Tautomerase, which catalyzes the isomerization of unsatured ketones [38] ; and 1d5w refers to Phosphorylated FIXJ Receiver Domain, which alters a response regulator's conformation in a variety of adaptive processes [39] . Coincidentally, each of these complexes has three evolutionary conserved residues [29] . Specifically, residues Ala39, His55, and Cys56 are conserved on 1f95_BA; Ile21, Arg40, and Val41 are conserved on 1otf_EA; and Ala90, Glu100, and Phe101 are conserved on 1d5w_CB.
Three alignments are performed to compare PBSalign and iAlign's ability to closely superimpose similar binding sites: 1f95_BA versus 1otf_EA, 1f95_BA versus 1d5w_CB, 1otf_EA versus 1d5w_CB. The alignment results of PBSalign are illustrated in Fig. 9 , where the interface chains of these complexes are shown in red and blue and their binding site residues are highlighted in orange and light green. The evolutionary conserved residues are shown in spheres. From Fig. 9 , we can see that PBSalign can align the conserved local residues closely for the pairwised alignments of the three binding sites. For example, in Fig. 9c , binding site residues Ile21, Arg40, and Val41, of 1otf_EA are aligned to binding site residues Ala90, Glu100, and Phe101 of 1d5w_CB, respectively. During the experiments, iAlign generates the same matching binding site pairs as the dataset D 2 only for the pair 1otf_EA versus 1d5w_CB, which is shown in Fig. 10a . For the other comparisons, namely 1f95_BA versus 1otf_EA (Fig. 10b ) and 1f95_BA versus 1d5w_CB (Fig. 10c) , iAlign provides conformations that result in larger SI, SAS, and MI than PBSalign.
DISCUSSION
We have presented PBSalign, a new method for explicitly comparing binding sites based on the geometric and physicochemical properties of local surfaces. PBSalign uses features extracted from the binding site surface to generate initial seed alignments, which are further refined to produce accurate alignment. Our experimental results demonstrate that PBSalign can capture similarities of homologous and non-homologous protein binding sites accurately and provide alignments with better geometric match measures as compared to iAlign for a larger part of alignments in the selected datasets. The alignment of PBSalign utilizes both the surface and structure information of binding site surfaces. This method is similar to I2I-SiteEngine, but different from iAlign, which mainly relies on structure. PBSalign is an alignment-based method for comparing binding site. As we discussed in [40] , another type is feature-based binding site comparison which utilize features (e.g. shape descriptors) to provide a fast comparison of binding site without explicit alignment of residues. We have recently developed such a type of algorithm, PBSword, which compares a pair of given binding sites by measuring similarities in their overall shapes [40] . However, it does not output results of residue correspondences. PBSalign overcomes the problem of obtaining residue correspondences, which is essential to judge the quality of alignment.
While PBSalign demonstrates high alignment quality, it requires much longer execution time than iAlign. In addition to providing PBSalign's time complexity in Section 2.4, we also measure the average running time to evaluate the efficiency of PBSalign. The experiments are conducted on a Linux Fedora server with AMD Opteron dual-core 1000 series processors and 8 GB RAM. With PBSalign, each alignment takes 28.3 s. For iAlign, each alignment takes only 0.25 s.
We emphasize that PBSalign is not a replacement for, but rather a complement to the existing methods by taking more properties into account. Data mining on larger datasets woud benefit from preprocessed or heuristic approaches that limit datasets for more computationally expensive steps like PBSalign. Preprocessing, which consumes over half of the CPU utilization of PBSalign, is one of the reasons why PBSalign takes significantly more time than methods such as iAlign. Furthermore, PBSalign finds residue correspondences based on the maximal clique detection algorithm, which is known to be NP-hard [41] theoretically and computationally expensive even with heuristic approaches.
Future works includes the integration of PBSword and PBSalign to achieve fast search of large-scale databases by filtering out geometrically dissimilar binding sites using PBSword [42] , and then providing accurate structural alignments for the remaining sites using PBSalign. To accelerate the execution time, we plan to parallelize PBSalign on Graphic Processor Unit (GPU) by dispatching each refinement of seed alignment to a computing core of GPU [43] and utilize distributed computing environments, such as MapReduced [44] . " For more information on this or any other computing topic, please visit our Digital Library at www.computer.org/publications/dlib.
